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Edited by Takashi GojoboriAbstract In this work, we studied the correlations between
selective constraint, structural environments and functional im-
pacts of non-synonymous single nucleotide polymorphisms
(nsSNPs). We found that the relation between solvent accessibil-
ity and functional impacts of nsSNPs is not as simple as gener-
ally thought. Finer structural classiﬁcations need to be taken into
account to reveal the complex relations between the characteris-
tics of a structure environment and its inﬂuence on the functional
impacts of nsSNPs. We introduced two parameters for each
structural environment, consensus residue percentage and residue
distribution distance, to characterize the selective constraint im-
posed by the environment. Both parameters signiﬁcantly corre-
late with the functional bias of nsSNPs across the structural
environments. This result shows that selective constraint under-
lies the bias of a structural environment towards a certain type
of nsSNPs (disease-associated or benign).
 2006 Federation of European Biochemical Societies. Published
by Elsevier B.V. All rights reserved.
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Understanding the functional impacts of inherited variations
between individuals is an important goal of human genetics.
Among these variations, non-synonymous single nucleotide
polymorphisms (nsSNPs) that lead to an amino acid change
in the protein product are of particular interest for their close
relevance to human inherited diseases [1]. Functional impacts
of nsSNPs generally fall into two classes: disease-associated
(deleterious) and benign (no observable phenotypic eﬀect).
The study of structural and evolutionary features that
discriminate the two classes of nsSNPs has several important
applications. First, such features will help to identify disease-
associated nsSNPs from the majority of benign nsSNPs and
to reveal the molecular background of the genetic diseases
[2–4]. Second, such features will help to determine crucial res-
idues and elucidate the sequence–structure–function para-
digms for individual proteins [5–9]. Finally, such features can
be used to guide the selection of target sites in artiﬁcial muta-
genesis experiments [10]. Recent studies have discovered a*Corresponding author. Fax: +1 9014487360.
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doi:10.1016/j.febslet.2006.01.035number of useful features for discriminating the two types of
nsSNPs. These features include conservation scores [11–13],
experimental B-factor [14], stability aﬀecting factors [15–19],
structural location [20], and amino acid physicochemical prop-
erties [21,22]. In this work, we classiﬁed the structural environ-
ments of amino acid residues into 18 classes using the method
of 23, which has been widely used in inverse protein folding
studies. This classiﬁcation was based on solvent accessibility,
polarity and secondary structure. We observed that disease-
associated and benign nsSNPs distribute diﬀerently over these
structural environments. The distribution discrepancy signiﬁ-
cantly correlates with two parameters of structural environ-
ments characterizing the strength of selective constraint. Our
study shows that disease-associated nsSNPs tend to occur in
the structural contexts that impose strong selective constraints
on the physicochemical properties of the amino acids than do
benign nsSNPs.2. Materials and methods
2.1. Data collection
Human nsSNPs were extracted from the Swiss-Prot variant page
[24,25]. Major histocompatibility complex proteins were excluded be-
cause they tend to have regions favored by diversifying selection [3].
Benign nsSNPs were selected with ‘‘Polymorphism’’ annotation and
without annotations of disease association or reduction of protein
function in the Swiss-Prot variant page. Disease-associated nsSNPs
were selected using the following criteria: (1) they have ‘Disease’ anno-
tations in both Online Mendelian Inheritance in Man (OMIM) and the
Swiss-Prot variant pages; (2) they are not described as polymorphic
markers or somatic disease mutations; and (3) they are annotated as
the causes of diseases (instead of only associating with diseases) in
the Swiss-Prot variant pages. We extracted nsSNPs with experimen-
tally determined protein structure or structural homologs by searching
against the ASTRAL database [26], using the following criteria: (i) se-
quence identity to the query sequence is no less than 70%, (ii) the num-
ber of identical amino acids is no less than 20, and (iii) gap content is
less than 10%. In case of multiple hits after ﬁltering, the one with the
highest sequence identity was selected. Membrane proteins were ex-
cluded. A total of 821 benign nsSNPs in 390 proteins and 2666 dis-
ease-associated nsSNPs in 213 proteins met all these criteria.
2.2. Comparative modeling and structural environment classiﬁcation
We used the MODELLER 7v7 [27] to build the three-dimensional
structure model if an nsSNP variant did not have a perfect sequence
match with its structural template. The structural environments of
nsSNPs were classiﬁed into 18 classes in a hierarchical manner using
the ENVIRONMENT program [23]. The residue positions are ﬁrst di-
vided into three (buried, partially buried, and exposed) environments
on the basis of solvent accessibility. The buried and partially buried
environments are further subdivided on the basis of polarity. Theblished by Elsevier B.V. All rights reserved.
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ondary structure states (helix, sheet, and coil) to give a total of 18 envi-
ronment classes.
2.3. Consensus residue percentage (CRP)
For each structural environment, CRP examines the percentage of
wild type amino acids retaining consensus amino acids in the multiple
alignments of homologous protein sequences. The SIFT program [28]
was used to construct a multiple sequence alignment and to calculate
the probabilities of the wild type amino acids occurring at each substi-
tution site. A wild type amino acid was considered as a consensus ami-
no acid if the position-speciﬁc probability was no less than 0.5.
2.4. Residue distribution distance (RDD)
For each structural environment, RDDmeasures the extent to which
the environment-speciﬁc distribution of the 20 amino acids diﬀers from
the background distribution. To this end, we used a symmetry form
of the Kullback–Leibler distance [29,30],
RDDðjÞ ¼ 1
2

X20
i¼1
pði; jÞ log pði; jÞ
qðiÞ þ
X20
i¼1
qðiÞ log qðiÞ
pði; jÞ
" #
; ð1Þ
where p(i, j) is the probability of ﬁnding residue i in environment j, and
q(i) is the background probability of ﬁnding residue i in any environ-
ment. The p(i, j) and q(i) were derived using a winnowed subset [31]
of the HOMSTRAD database [32], a comprehensive collection of
structural alignments of high-resolution structures. This subset consists
of 423 HOMSTRAD families with a total of 1136 structures. We deter-
mined the environment class for each residue position as described
above. Within a HOMSTRAD family, a residue type was counted only
once per position to reduce multiple contributions from closely related
members of a protein family.
2.5. Statistical signiﬁcance
The statistical signiﬁcance for association between two subsets was
modeled by hypergeometric distribution. Let m be the total number
of nsSNPs (including all the disease-associated and benign nsSNPs),Table 1
Distributions of disease-associated and benign nsSNPs over the 18 environm
Environmenta Disease-associated
Percentage (count) Percentageb
B1 H B1 5.4 (144) 13.4
B1 S 5.7 (152)
B1 C 2.3 (62)
B2 H B2 2.9 (76) 11.1
B2 S 3.9 (104)
B2 C 4.4 (117)
B3 H B3 5.7 (153) 16.2
B3 S 4.2 (113)
B3 C 6.2 (165)
P1 H P1 5.9 (156) 19.8
P1 S 6.2 (165)
P1 C 7.8 (207)
P2 H P2 6.3 (169) 19.4
P2 S 3.1 (83)
P2 C 10.0 (266)
E H E 3.7 (99) 20.0
E S 3.2 (84)
E C 13.2 (351)
Total 100 (2666)
aEighteen environment classes determined by solvent accessibility, environm
exposed. The environmental polarity is denoted by a following number, i.e.,
bPercentage in the six higher-level environment classes determined by solven
cThe statistical signiﬁcance of frequency diﬀerences in the six higher-level ena be the number of nsSNPs in subset A (e.g., all disease-associated
nsSNPs), and b be the number of nsSNPs in subset B (e.g., all nsSNPs
occurring in a certain structural environment). Assuming no associa-
tion between subset A and subset B, the probability of observing at
least k nsSNPs in the intersection set of subset A and subset B is
P ¼ 1
Xk1
i¼0
b
i
 
m b
a i
 
m
a
  . ð2Þ
Bonferroni correction [33] was used to correct for multiple testing. The
statistical signiﬁcance for correlation between two variables was esti-
mated by using t statistic as described in Ref. [34]. The t statistic was
computed using the equation
t ¼ r
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
N  2
1 r2
r
; ð3Þ
where r is the correlation coeﬃcient, N is the sample size.3. Results and discussion
As described above, the 18 structural environments were
determined in a hierarchical manner by taking into account sol-
vent accessibility, environmental polarity, and secondary struc-
ture sequentially [23]. The structural environments are B1H,
B1S, B1C, B2H, B2S, B2C, B3H, B3S, B3C, P1H, P1S, P1C,
P2H, P2S, P2C, EH, ES, and EC (Table 1). The distributions
of the two types of nsSNPs over the 18 environment classes
and six higher-level environment classes (B1, B2, B3, P1, P2,
and E) are shown in Table 1. Solvent accessibility was consid-
ered as a discriminating feature, i.e., disease-associated nsSNPs
tended to occur at buried sites and benign substitutions tendedent classes
Benign P-valuec
Percentage (count) Percentageb
4.6 (38) 10.7 0.13
4.5 (37)
1.6 (13)
2.6 (21) 6.3 1.2 · 104
1.9 (16)
1.8 (15)
3.2 (26) 9.6 5.9 · 106
2.2 (18)
4.3 (35)
4.4 (36) 13.0 2.4 · 105
3.5 (29)
5.1 (42)
11.7 (96) 36.9 8.5 · 1023
6.8 (56)
18.4 (151)
4.9 (40) 23.4 0.13
1.3 (11)
17.2 (141)
100 (821)
ent polarity, and secondary structure. B, buried; P, partially buried; E,
B2 is more polar than B1 and so on. H, a-helix; S, b-sheet, C, coil.
t accessibility and environment polarity.
vironment classes.
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this problem in light of ﬁner classiﬁcation of structural environ-
ments. Statistically signiﬁcant diﬀerences in the distributions of
the two types of nsSNPs were observed in four of the six higher-
level environment classes: B2, B3, P1, and P2 (Table 1). Benign
nsSNPs occurred more frequently in environment P2 class (P-
value 8.5 · 1023), while disease-associated nsSNPs occurred
more frequently in the other three environments. There was
no signiﬁcant diﬀerence in environments B1 and E. The result
shows that the relation between solvent accessibility and func-
tional impact of nsSNPs is not as simple as previously reported
[15,21]. First, it is one of the partially buried environments (P2),
instead of the fully exposed environment (E), that signiﬁcantly
bias towards benign nsSNPs. Second, structural environments
P1 and P2 are same with respect to solvent accessibility (they
diﬀered only in environmental polarity); however, the distribu-
tions of disease-associated and benign nsSNPs in these two
environments were very diﬀerent (opposite tendency).
Obviously, solvent accessibility cannot be responsible for this
diﬀerence.
We hypothesized that such distribution discrepancy might
be accounted for by the strength of selective constraint im-
posed by the structural environments. We introduced two
parameters to characterize the relations between the structural
environments, the selective constraint and the distribution dis-
crepancy. First, we computed the consensus residue percent-
age (CRP) for each environment. CRP is the percentage of
wild type amino acids retaining consensus amino acids in the
multiple alignments of homologous protein sequences. A high
CRP score indicates that a strong purifying selection is purg-Table 2
Consensus residue percentage, residue distribution distance and
distribution discrepancy between disease-associated and benign
nsSNPs
Environment Log ratioa Consensus
residue
percentage
Residue
distribution
distance
B1 H 0.231 0.717 1.637
B1 S 0.341 0.641 1.772
B1 C 0.524 0.682 1.549
B2 H 0.158 0.685 1.133
B2 S 1.037 0.685 1.180
B2 C 1.290 0.752 1.157
B3 H 0.833 0.619 1.238
B3 S 0.933 0.536 1.129
B3 C 0.528 0.612 1.158
P1 H 0.423 0.540 0.754
P1 S 0.825 0.631 0.918
P1 C 0.613 0.599 0.839
P2 H 0.893 0.399 0.473
P2 S 1.133 0.419 0.374
P2 C 0.880 0.436 0.412
E H 0.405 0.405 0.610
E S 1.300 0.704 1.076
E C 0.382 0.559 0.560
Correlation
(P-value)
0.801b
(3.2 · 105)
0.636c
(2.3 · 103)
Values in bold represent the structural environments where benign
nsSNPs occur more frequently than do disease-associated nsSNPs.
aThe base 2 log transformed ratios (benign nsSNPs vs. disease-asso-
ciated nsSNPs).
bThe correlation coeﬃcient between log ratio and consensus residue
percentage.
cThe correlation coeﬃcient between log ratio and residue distribution
distance.ing the mutations that change the consensus amino acid of the
nsSNPs in that environment. Second, we computed the residue
distribution distance (RDD) for each environment. RDD is
the symmetric Kullback–Leibler distance between amino acid
distribution over a structural environment and the back-
ground distribution. A higher RDD score indicates a larger
deviation from the background distribution and hence a stron-
ger selective constraint. Both CRP and RDD are signiﬁcantly
correlated with the log ratio of frequencies of benign and dis-
ease-associated nsSNPs, with a P-value of 3.2 · 105 and
2.3 · 103, respectively (Table 2). CRP and RDD scores of
P1 environment classes (P1H, P1S and P1C) are consistently
higher (which means stronger selective constraint) than those
of P2 environment classes (P2H, P2S and P2C). The stronger
selective constraint imposed by P1 environment classes may
explain its bias towards disease-associated nsSNPs because
the violation of a stronger selective constraint is more likely
to have a deleterious functional consequence. By the same to-
ken, P2 environment classes, which impose weaker selective
constraint, bias towards benign nsSNPs. Our results suggest
that the selective constraint imposed by the structural environ-
ments have strong inﬂuences on the functional impacts of
nsSNPs. Indeed, by incorporating the structural environment
predictors into machine learning schemes, we attained reason-
able performance in predicting functional impacts of the
nsSNPs [35]. In Table 4 of [35], the ‘‘mean decrease accuracy’’
measures the importance of individual predictor and it shows
that all the three parameters deﬁning structural environment
classes (solvent accessibility/buried area, environment polar-
ity/fraction polar, and secondary structure) contribute to the
discrimination of the two types of nsSNPs.
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